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Abstract

Often, in biology, discovery experiments leave re-
searchers with the open question of what hypotheses and
leads to pursue next. In one class of experiment growing
in popularity because of its non-invasive nature, specific
RNA molecules present in blood correlate with disease risk
- often for diseases with no treatment. Toward developing
such treatments, it would be helpful to generate hypotheses
about where these predictive molecules identified in blood
come from. Here, we present and compare two recommen-
dation methods based on nearest neighbors and GraphSage
to recommend candidate tissues of origin and quantify per-
formance using observed single tissue of origin samples.

1. Introduction

Non-invasive diagnostics that use molecules present in
blood (cell-free RNA, cfRNA) to predict disease (e.g., can-
cer and prenatal risks) have recently risen in popularity due
to their ease of use and rich information content; how-
ever, interpreting such predictions remains unclear. Be-
cause treatments still do not exist for many of the predicted
risks, physicians are left with an interesting problem - a
potential diagnostic without any viable treatment options.
One way to develop specific treatments might be to infer
which tissue a given set of cfRNA molecules predictive of
the disease originated from. However, because cfRNA is
measured in blood, it represents RNA from many cells in
many organs that signal to one another or died and released
their contents. Also, most RNA molecules are not tissue
specific alone, rather the co-occurrence of several genes of
specific subtypes may prove more informative [19, 12]. So,
how can we infer which tissues certain cfRNA molecules
like those predictive of disease originated from?

Here, we propose tackling the latter as a tissue recom-
mendation problem - similar to product recommendation
systems. Given a sample with certain measured genetic fea-
tures and a tissue label, create a highly descriptive embed-

ding such that any samples from the same tissue are close
in the embedding space and consequently ”recommended”
as similar. Importantly, recommendation poses the optimal
learning problem since we want any embedding method to
have the flexibility to propose multiple tissues as similar (in
the case of a tissue mixture like in cfRNA) and to estimate
the fractional contribution of each tissue. Because multi-
class classification aims to predict one single best class to
fit the data, to predict mixtures as posed here, we would
have to either enumerate an exhaustive list of tissue label
mixtures or leverage the final layer’s softmax vector. Nei-
ther of these solutions is ideal. Similarly, link prediction
poses a less than optimal goal as well since it only suggests
the existence of an edge without estimating the fractional
contribution of that edge and therefore tissue.

Recommendation as a task allows us to both estimate tis-
sue mixtures since a good embedding of a mixture should
lie between the tissues it represents and similarly estimate
fractional contribution based on the same principle. We will
compare two recommendation techniques that apply cosine
similarity and GraphSage [21] using a hold-out set com-
posed of samples from a specific tissue. To leverage graph-
ical methods, we model the relationship between genetic
features and samples as a bi-partite graph where distinct
feature types (e.g., splice junction ratios) and samples each
form a graph part. Edges connect features that were mea-
sured in a given tissue with edge vectors quantifying the
measurement. Feature node vectors consist of node weights
describing the tissue specificity of a given feature. Sam-
ple node vectors are labeled using the tissue of origin dur-
ing training. To train the embedding method, we will use
a subset of the 17,631 samples of human tissue available
from the Gene Tissue Expression (GTEx) consortium [7]
and Encyclopedia of DNA Elements (ENCODE) consor-
tium [6, 8]. We then quantify the performance of each rec-
ommendation system by comparing the estimated fraction
of recommended labels to the true fractions of labels. For
true cfRNA samples with no label, we can then tie these
results back to biology to qualitatively assess tissue contri-
butions hypotheses in the context of a specific disease.
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2. Related Work
In recommender systems, we aim to recommend simi-

lar nodes based on the content of labeled nodes used during
training and for some systems, their neighbors as well. This
presents several challenges especially when considering the
domain-specific task presented above. In this section, we
will explore present work to address each of the aforemen-
tioned challenges: (1) Manipulating biological data to form
networks, (2) The advances and limitations of a unique,
promising form of biological data, cell-free RNA, specifi-
cally, here, as related to prenatal care and (3) The current
state of recommendation based systems and necessary re-
quirements to apply such methods to this problem.

2.1. Building tissue-specific networks

Given a matrix that describes the connection between
certain tissue samples and molecular information, we would
like to build a graph that informatively describes feature co-
occurrence and reveals some hidden biology. To this end,
Saha et al. built built two types of gene co-expression net-
works for 26 human tissues [18]. First, to understand dif-
ferences in regulation between tissues, they built networks
on a per tissue basis using graphical lasso. Each network
contained two nodes types - genes (e.g., Gene A vs Gene
B) and gene isoforms (gene subtype) (e.g., Gene A Subtype
1 vs Gene A Subtype 2) with edges connecting node types
that co-occur. They then described node roles in such net-
works, revealing that hub nodes corresponded to key cel-
lular regulators. These were distinct on a per tissue basis
with tissues of similar composition (e.g. fatty tissues) shar-
ing key hub nodes. Saha and colleagues further built tis-
sue specific networks using only gene abundance data and
applying Bayesian biclustering to identify network edges
unique to single tissues. They note that they only success-
fully built tissue specific networks for 26 of the 50 tissues
for which they have data. They reported that networks pro-
vide an improved understanding of regulatory mechanisms
across tissues citing specific examples on a per tissue basis.

Both network types clearly captured some rich informa-
tion; however, focusing on tissue-specific networks, the au-
thors chose to build a network using gene abundance data
alone to describe edges - stating that they ignored relative
isoform abundance for simplicity. Other related work (al-
though not focused on networks) indicates that gene abun-
dance does not correlate well with tissue specificity [20, 12].

Using the same dataset leveraged by Saha et al., Li,
Knowles, and colleagues describe that instead, using rela-
tive isoform abundance not only parses data by tissue type
but also that such parsing is conserved across species. Be-
cause they observe the same isoforms for a given tissue
in multiple species, it suggests that certain isoforms may
be necessary for tissue function, and therefore would be
expected to correlate well with tissue specificity. Further,

Uhlen et al. found by combining the data used in Saha et
al. with similar tissue datasets from other groups, that most
genes are detected in all tissues and therefore few (on the
order of 10s out of 104 genes) can be called truly tissue spe-
cific [19].

2.2. Advances and limitations using cfRNA data

In the 1990s, scientists from multiple groups identi-
fied pregnancy-related nucleic acids in maternal circulation,
termed cell-free DNA (cfDNA) [13] and RNA (cfRNA)
[17]. As the placenta reshapes itself to accommodate a
growing fetus, these molecules specific to the placenta and
fetus appear in the mother’s blood in appreciable amounts
that change over gestation, providing a window into preg-
nancy development and fetal health. Using cfRNA present
in maternal circulation, previous work has shown that tran-
script abundance changed in maternal circulation as preg-
nancy progresses [11, 15]. Ngo et al. then leveraged cfRNA
to predict two key measures of prenatal health - time to de-
livery and risk of preterm delivery, the leading cause of in-
fant death under the age of 5, which to date has no good
predictors [14].

Taken together, these papers show the power of using
1 milliliter or less of blood to diagnose multiple prenatal
conditions. Focusing on the work by Ngo et al., they in-
terestingly suggest which molecules correlate with prenatal
risks; however, they make no comment on possible biologi-
cal causes behind such correlation. They also point out that
many of the molecules identified as predictive of prenatal
risks were implicated via signaling (i.e., cellular communi-
cation) and therefore used by many tissues. Critically, de-
veloping treatments for such prenatal risks, which have no
effective options at present, relies on understanding where
these molecules that appear in circulation come from. So,
how can we move beyond prediction and toward interpret-
ing these results and creating treatments?

2.3. Recommendation system Methods

Recommendation methods aim to capture content from a
given node and its neighbors (often using weighted impor-
tance sampling) to identify node embeddings that are sim-
ilar to the query node. These methods all work to embed
nodes such that nodes of similar type are close and others
are far. As such, the information used during embedding
varies like neighboring node information - expanding to en-
capsulate information from further neighbors - h-hops away
- and weighting certain edges more than others (e.g., those
with low degree).

These methods have trade-offs - for instance, using lo-
cal information only can be less computationally intensive;
however, may miss long range yet important connections.
Further, because all embedding techniques focus on main-
taining certain information from high-dimensional space
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while discarding other details, such methods should be ap-
plied keeping in mind the problem’s context and what type
of relational information we wish to preserve. Finally, shal-
low embedding methods that describe simple lookup tables
do not work here since they are transductive and do not lend
themselves well to predicting the label for unknown sam-
ples like cfRNA. Here, we use two recommendation meth-
ods. The first is a simple baseline based on taking the cosine
similarity between all node pairs and then recommending
for a test node the k nodes to which it is most similar (K
top similarity scores). The second, GraphSAGE [10], ap-
plies principles of neural networks to graphical sampling
and prediction.

Since TransE [5] and content embedding [1, 2] are shal-
low encoders, they do not work here since the labels for
cfRNA samples are unknown and consequently l for TransE
and related sample labels for content embedding methods
are missing.

3. Data
We will be working with RNA-sequencing data collected

by Stephen Quake’s group at Stanford (cfRNA data), the
Gene Tissue Expression (GTEx) consortium [7], and Ency-
clopedia of DNA Elements (ENCODE) consortium [6, 8].

The cfRNA sample set consists of 480 samples collected
from healthy pregnant women with five to seven samples
per woman corresponding to the 29th-37th week of preg-
nancy prior to delivery. Importantly, because we will be
using this data as part of our test set, we must consider the
unique features of pregnancy like additional organs present
during pregnancy (e.g., the placenta) and contributions from
the fetus - both of which have been quantified previously us-
ing cfRNA in the third trimester [14].

To build a bi-partite tissue graph and understand connec-
tions between tissues and genetic features, we will use data
from the GTEx consortium and ENCODE. The GTEx con-
sortium collected 17,382 RNA-sequencing on tissue sam-
ples from 980 people (653 men, 327 women) who con-
sented to donate their organs at death. With multiple tis-
sue samples per organ, we can obtain good embeddings for
each tissue type. However, notably missing from the data
set are placental samples. Additionally, the data set skews
male, which may be a problem when trying to estimate tis-
sue contributions during pregnancy. Further, GTEx repre-
sents data collected from adults aged 20-80 does not allow
us to estimate fetal tissue contributions. Data from EN-
CODE can supplement that from GTEx with 249 samples
collected during various stages of human embryonic devel-
opment and the placenta itself. This will allow us to in-
corporate needed placental and fetal samples that may help
further explain our test cfRNA data, collected from preg-
nant women.

All together, we have data from 18,111 samples - 17,382

GTEx samples, 249 ENCODE samples, and 480 cfRNA
samples. Importantly, some of this data exists as either
raw sequencing reads (fastq files) for some databases (EN-
CODE, Quake Group), and consequently requires addi-
tional heavy preprocessing prior to use. Additionally, once
all data has been converted to junction count tables, we ap-
ply additional normalization to account for technical noise.

3.1. Data pre-processing

3.1.1 Pre-processing and aligning reads

Reads were aligned using two-pass STAR (Spliced tran-
scripts alignment to a reference) alignment [9]. In two-
pass alignment, each read file is passed through the aligner
once to generate a sample specific splice junction file, and
then is passed a second time along with the sample-specific
splice junction file to definitively align each sample. STAR
alignment presents the fastest accurate alignment tool for
RNA sequencing available today. Prior to alignment, read
adapter sequences are trimmed with trimmomatic [4]. Af-
ter sequencing, aligned reads are sorted, indexed, and de-
duplicated using Picard [3].

Figure 1. Overview of sample pre-processing pipeline

3.1.2 Estimating splice junction counts

Junction were estimated using aligned reads. Sample files
were then merged into a matrix where every row is a feature
and every column is a sample as outlined in Fig 1.

4. Methods
4.1. Building the graph

We propose a bi-partite knowledge graph, an example
of which is shown in Figure 2. Here, genetic features of a
specific type represent one part of the graph. In Fig. 2, only
1 genetic feature part is shown; however, one can extend
the same structure to incorporate information sharing across
multiple types of genetic information.

Edges connect features with the samples where they
were observed. Each edge is associated with a feature vec-
tor describing normalized quantitative measurements asso-
ciated with the genetic feature measured (see Section 4.2
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for further details). Further, because in both the GTEx and
ENCODE datasets, there typically exists more than 1 sam-
ple per tissue, we can split the data into training, validation,
and test sets (green diamond nodes). These labeled sample
nodes will allow us to compare the performance of distinct
recommendation methods, in contrast to unknown cfRNA
samples (orange nodes) for which ground truth (about tis-
sue origin) is unknown.

Figure 2. Example bi-partite graph where information is shared
(solid edges) between samples and features. Each edge will have
an associated feature vector and edge weight. Graphical structure
and edge features/weights will be leveraged to recommend new
tissue labels for query samples (orange). Far right shows example
ideal embedding for a liver sample (S1), a known mixture (S2),
and an unknown sample (cf1) with some features similar to the
uterus.

4.2. Building edge feature vectors

For one feature type (Fig. 1, far right), we estimate per-
cent spliced in (PSI, ψ for a given splice junction composed
of a donor site, D, and an acceptor site, A. We calculate the
following as described in [16], which forms the edge feature
vector:

1. The contribution of reads from a specific pair,
C(D,A) relative to that of all pairs that use D:

ψD =
C(D,A)∑

A′∈(D,A′ C(D,A′)

2. The contribution of the same pair relative to all pairs
that use A,

ψA =
C(D,A)∑

D′∈(D′,A) C(D′, A)

4.3. Examining graph properties

To inform the design and help explain the results of each
recommendation method, we examine the following graph

properties. We confirm the graph is bipartite, count the
number of connected components, calculate the size of the
giant component, and find the average connectivity of all
nodes using established methods implemented in networkx.
Finally, we take the sample nodes projection of the graph
and look at whether samples from the same tissue cluster
in the projection - that is are the raw edge vectors between
samples of similar tissues more similar than those of dif-
ferent tissues. Note that here, we have not done any edge
pruning, which may prove crucial. We calculate similarity
between sample nodes by looking at the cosine similarity of
the edge feature vectors defined by the common neighbors
for two samples. Formally, for a node u and v, we weight
(w(u,v)) their connection in projected space by the cosine
similarity between the edge weights, e, defined by u and a
subset of its neighbors, N , and v and the same subset of its
features (those in common with u).

w(u,v) =
e(u, (N(u) ∩N(v))) · e(v, (N(u) ∩N(v)))

||e(u, (N(u) ∩N(v)))||2 ∗ ||e(v, (N(u) ∩N(v)))||2

4.4. Recommendation methods

We will compare two methods - a simple baseline based
on taking the cosine similarity between all node pairs and
then recommending for a test node the k nodes to which
it is most similar (k best cosine similarities) and Graph-
SAGE [10]. Here, we describe important details of each.
We would like the ideal embedding method in addition to
providing useful embeddings to be robust to missing fea-
tures since for cfRNA measurement noise can be high and
interpretable because mapping specific features to recom-
mendations allows for stronger hypothesis generation and
informs follow-up experiments.

4.4.1 Cosine similarity

As a baseline, we propose a very simple recommender sys-
tem. To recommend similar samples, we can calculate co-
sine similarity between the vectors that describe all labeled
training examples and validation or test examples. For each
validation or test sample, we then choose the k top cosine
similarities and recommend the samples they are associ-
ated with as labels for the query. We can then evaluate this
method using the hit-rate (described in section 4.5).

Notably, because the time to calculate similarity between
all sample pairs grows quadratically with the number of
samples, the calculation soon becomes inefficient. To ad-
dress this, for each tissue, we take a random sample of the
trained examples. We then calculate pairwise cosine simi-
larity between this labeled sample subset and validation or
test queries.
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4.4.2 GraphSage

We wish to learn informative embeddings for sample nodes
such that samples from the same tissue are similar (positive
examples) and samples from different tissues are dissimilar
(negative examples). To do so, we train supervised Graph-
Sage using a cosine embedding loss function (see below)
where we attempt to minimize and maximize the distance
between related and unrelated pairs defined as samples from
the same tissue context versus different contexts, respec-
tively.

Here, the loss, L, for a pair of embeddings, (x1, x2), is
defined as the distance from maximum similarity if the two
examples are related (y = 1) and the max of minimum sim-
ilarity (0) and the cosine similarity minus a defined margin,
∆ if the two examples are unrelated (y = −1).

L(x1, x2, y) =

{
1− cos(x1, x2) if y = 1

max(0, cos(x1, x2)−∆) if y = −1

Further, to include information about which samples (as op-
posed to gene features) neighbor a query node, the network
consists of 2 layers aggregating information from the query
node and its neighbors using a skip connection followed
by a ReLU transform. For improved training and ease of
embedding interpretation, embeddings are normalized us-
ing the L2-norm. Finally, we tune the final embedding di-
mension and measure performance offline on a labeled val-
idation set.

We evaluate performance both for tuning and testing us-
ing the hit-rate (described in section 4.5).

4.5. Evaluation

The recommendation methods will be compared using
the hit rate, a common metric for recommendation system
evaluation also applied by Ying et al. to evaluate PinSage
[21]. For each positive example pair, (q, i) where q and i
are samples from the same tissue, we embed q and select
its K nearest neighbors as recommendations. The hit rate
is then the fraction of queries, q, where i appeared in the
top K recommendations for the test sample. We can also
visually inspect embeddings using graphical projects like
tSNE (similar to right side of Fig. 2) to further confirm that
embeddings are sound.

5. Results
5.1. Graph building

Graph building proved especially challenging and more
time-consuming than originally expected thereby limiting
the number of recommendation methods we could try.
Specifically extracting features from the dense matrices that
typically specify genetic features to generate graph features
resulted in frequent memory issues that were very hard to

debug. As the authors later discovered, pandas is espe-
cially memory inefficient for large dataframes (e.g. a 12GB
dataframe quickly consumes over 128GB RAM using cer-
tain pandas methods). This proved especially difficult to
debug since code that worked on a reasonably sized devel-
opment table (e.g. 2GB instead of 12GB for debugging)
would then promptly fail on the larger dataframes we hoped
to use to generate the graph. If this were repeated, the au-
thors might have leaned more on data.table or other classes
that implement procedures from databases to control mem-
ory usage and efficiently perform tabular calculations.

For this work, to address the memory issues, we first
subsetted the largest dataframe, the GTEx data, to include
1447 samples instead of 17,382 in a class balanced fashion.
We then also implemented several workarounds to arrive at
a data object compatible with the specifications for a cus-
tom torch geometric.data dataset. We split all data
in a class balanced fashion (sampling from each class indi-
vidually) into training, validation and test sets consisting of
70%, 15%, and 15% of the all labeled samples respectively.

We also used the data object we wrote to describe the
dataset graphically to visualize the bipartite graph and ob-
tain graph statistics using networkx.

5.2. Graph statistics

Ultimately, we were unable to generate a graph in time;
however, plan to by the poster session, having debugged
most of the memory issues (so we think) by now.

Graph statistics (the ones we know) are summarized in
the table below. Overall, the number of features (junctions)
far exceeds the number of samples. Given more time, we
would prune the graph to remove junctions only observed
in a small fraction (e.g. 0.1) of all samples since these are
likely noisy, uninformative measurements that pollute the
graph (Fig. 3). It should be noted that we have a script
ready to calculate the rest of these that has been tested on a
smaller development set of the data.

Figure 3. Statistics for usage frequency of junctions observed.
Most junctions are observed less than in 0.05 of samples whereas
the rest (∼ 300, 000 are observed in more samples.
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Feature Value
N nodes 4,163,093
N edges
Average node degree
N connected components
Size of giant component

Table 1. Description of bi-partite graph statistics

Finally, for a subset of the data across all data sources,
we would have plotted the sample projection and colored by
distinct tissue labels. Since we were unable to generate the
full graph, an example plot of this type generated using a
subset of the ENCODE data and the same script that would
have generated feature statistics (Table 1) is shown below.
For this subsample, we do not observe clustering by tissue
type; however, this may be because the number of features
f > n where n is the number of samples and as a result,
we only observe noise. By pruning low frequency features
(Fig. 3), we might observe better clustering (although likely
far from desirable) in this plot. The plot represents a good
sanity check that there exists some order in the data that
embedding methods might pick up on.

Figure 4. Example projection on sample part for subset of EN-
CODE samples colored by tissue

5.3. Cosine similarity performance

Calculating cosine similarity efficiently across even a
subsample of all training examples proved challenging.
Further, although this method presents a basic, reasonable
first-pass/baseline, it does not allow for flexibility. For in-
stance, it does not informatively incorporate new informa-
tion from new samples since every new sample results in a
new pairwise comparison. Notably, it is unlikely that a mix-
ture example would be that similar to any of the tissues it is
composed of and as a result, this method may not predict
the correct labels as expected.

Below, we describe the results of calculating cosine sim-
ilarity for a subset of data since we were unable to generate
the full graph in time. Importantly, the rows are ordered by
tissue such that samples from the same tissue would appear
next to each other. For this small subset of features and
samples, it does not appear as though raw features alone
correlate with one another since we do not see any areas
where the cosine similarity is particularly high. Instead, the
plot appears random. Perhaps other junction counts (beside
the ones plotted) better correlate with tissue.

Figure 5. Example heatmap on sample data subset where rows and
columns are ordered by tissue. Notice the lack of structure across
the graph (no obvious areas of the same color) indicating that at
least for this small subset of features, there is no agreement be-
tween samples of the same tissue.

5.4. GraphSage training and performance

With more time, we were prepared to train GraphSage
using 1 GPU and had set up code to train GraphSage over
500 epochs for the whole graph. Below we describe what
we would have done (and hopefully will do by the poster
session). We would have tuned the embedding dimension
size in a grid like fashion across several orders of magni-
tude, comparing performance on the validation set for em-
bedding dimension sizes of 10, 50, 100, and 300. Using
this coarse grain grid search, we sought to choose the mini-
mal embedding dimension such that it would be expressive
enough to describe all data classes, but not overfit the train-
ing data. This was particularly a concern given the number
of features relative to the number of samples. Further, we
wanted to limit the size of the embedding dimension since
we would also like to predict mixtures for which if embed-
dings are too spaced apart across multiple dimensions, the
curse of dimensionality may become an issue.

Finally, we would have compared this experiment to co-
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Embedding dimension size Hit-rank (k = 10)
10
50
100
300

Table 2. The effect of embedding dimension size on performance

sine similarity performance using the hit-rank metric de-
scribed in methods and commented on the superior method.
We hypothesize that GraphSage, which readily incorporates
neighboring information from all neighbors (vs cosine sim-
ilarity which only looks at pairs of samples), would have
significantly outperformed cosine similarity. Further, al-
though GraphSage is an expensive method to train, as an
inductive model, it scales better to new data like new test
samples and new tissue samples to incorporate in embed-
ding space. This is particularly appealing given that there
are many new biological atlases currently under collection
and sample processing which could later be incorporated.

Method Hit-rank (k = 10)
Cosine similarity
GraphSage

Table 3. Final comparison of embedding methods

6. Discussion & Conclusions
Extracting features to form a well-structured graph

proved extremely difficult for unforeseen reasons like pan-
das’ unwieldy memory consumption. Once the graphs are
built (hopefully later tonight), we will implement the meth-
ods described and report by the poster session (hopefully).
Hopefully the above makes clear our thought process and
what would have been described and interpreted given re-
sults. Below, we offer our hypotheses about what we will
observe as a sample interpretation of the results.

We believe that GraphSage will outperform the basic
baseline. We however also think that the embeddings may
not describe mixtures well since the embedding dimension
size that best works for single label prediction (e.g. one tis-
sue) may be larger than the one that works best for mixture
embedding. Mixture embedding relies on the embedding
of a mixture appearing proportionally in between the em-
beddings of two single source samples, and this becomes
harder as the size of embedding dimension increases due to
the curse of dimensionality. Finally, it should be noted that
we have written all the code to complete this project, and
are in the process of debugging graph generation.

Overall, we believe this to be a potentially promising av-
enue for hypothesis generation and interpretation of cfRNA
results. This is particularly exciting since cfRNA presents a

non-invasive method by which we can study many diseases
in humans and then combined with clever network meth-
ods, we may be able to generate hypotheses that go beyond
correlation to test further using an animal model or cell line.

7. Further work
We plan to further improve on the two recommendation

systems described above hopefully before the poster ses-
sion. We also want to implement the systems for graphs
that contain different genetic features (e.g. gene counts) and
compare the results to the above using the same evaluation
metrics.

We also would like to see if there is improved perfor-
mance if we make the graph tri-partite and include both
gene counts and junction counts as sources of information
or if the performance saturates. Further, due to time con-
straints, we were not able to explicitly test for performance
on mixture samples (similar to cfRNA) above. To do so, we
could simulate tissue mixtures by subsampling and combine
feature measurements from labeled samples (e.g. GTEx and
ENCODE) in known ratios. We could evaluate performance
on these mixture samples in a similar but not identical way
to that described above. Because hit-rate only accounts for
one label, we would instead want to calculate the fraction
of queries for which the recommended k samples contained
samples that reflected each tissue in the mixture in appro-
priate relative proportions.
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